Pluripotent self-renewing embryonic stem cells (ESCs) have been the focus of a growing number of high-throughput experiments, revealing the genomewide locations of hundreds of transcription factors and histone modifications. While most of these datasets were used in a specific context, all datasets combined offer a comprehensive view of chromatin characteristics and regulatory elements that govern cell states. Here, using hundreds of datasets in ESCs, we generated colocalization maps of chromatin proteins and modifications, and built a discovery pipeline for regulatory proteins of gene families. By comparing genome-wide binding data with overexpression and knockdown analysis of hundreds of genes, we discovered that the pluripotency-related factor NR5A2 separates mitochondrial from cytosolic ribosomal genes, regulating their expression. We further show that genes with a common chromatin profile are enriched for distinct Gene Ontology (GO) categories. Our approach can be generalized to reveal common regulators of any gene group; discover novel gene families, and identify common genomic elements based on shared chromatin features.
INTRODUCTION
Advances in sequencing technologies and the continuous decline in sequencing costs, led, in recent years, to the rapid accumulation of high-throughput genomic data. These include, but not limited to, DNA methylation profiles, generated by bisulfite-sequencing; DNaseI-hypersensitivity (DHS), produced by DNaseI digestion and sequencing; nucleosome positioning mapping, generated by MNase digestion and sequencing; chromatin immunoprecipitation (ChIP) followed by sequencing (ChIP-seq) or by tiling array hybridization (ChIP-chip); expression profiles, generated using microarrays or RNA-sequencing (RNA-seq) technologies; ribosome profiling and sequencing, and 3D conformation of the genome, produced using 4C/Hi-C methods (1) . Several initiatives, spearheaded by the ENCODE project (2) , the NIH Roadmap Epigenomics Mapping Consortium (3) and BLUEPRINT Project (4) , integrate large amounts of data and enable an ever easy access to a curated genomic data, either directly or by using some downstream applications (5, 6) . Other analyses platforms also integrate data from isolated publications (7) (8) (9) , allowing a growing exposure to functional genomic experiments, which constitute the majority of the available datasets. These works and others, enable to perform a wide array of local and global analyses, yet these approaches are still somewhat limited in functionality. Additionally, even when analyzed on a global level, large-scale genomic data has not been integrated with systematic perturbation of gene expression data in order to attempt to link binding to function.
Due to their unique characteristics and clinical potential, embryonic stem cells (ESCs) have been the focus of numerous high-throughput studies in recent years. Consequently, a notable effort has been made in order to characterize ESCs at the chromatin and epigenetic level (10) (11) (12) (13) . Owing to this, ESCs possess a very broad repertoire of genome-wide datasets compared with any other cell type or tissue. Previously, we collected over 50 such genome-wide datasets in mouse ESCs, and using a bioinformatic pipeline which we developed, we were able to identify novel regulators of the histone gene family (14) .
We now significantly expanded our database ('BindDB', http://bind-db.huji.ac.il) and collected over 450 genomewide datasets in mouse and human ESCs, providing one of the most comprehensive ESCs-specific databases to date (15) . Using simple strategies and unsupervised hierarchical clustering, we were able to generate broad cluster analyses of chromatin features in ESCs and describe both known and novel gene families with shared epigenetic landscape and chromatin-bound factors. We were further able to derive interaction nodes systematically, enabling us to identify core components of gene networks operating in ESCs. Using our BindDB, and by incorporating systematic gene perturba-tion (knockout / knockdown / over-expression) datasets into our pipeline, we further show that we can discover potential regulators of any given gene family and systematically validate the functional significance of these enriched factors by testing the outcome of their perturbations. We demonstrate the power of this approach by applying our pipeline to ribosomal genes. We identify a novel potential regulator of ribosomal gene expression in ESCs, NR5A2, which separated 'mitochondrial' ribosomal genes (genes encoding ribosomal proteins which are targeted to the mitochondria) from 'cytoplasmic' ribosomal genes, and of which its over-expression shifted gene expression of the 'mitochondrial' and 'cytoplasmic' ribosomal genes in opposite directions. Our study thus provides a systematic discovery pipeline for novel regulators of gene families in ESCs.
MATERIALS AND METHODS

Data acquisition
Data has been downloaded from http://bind-db.huji.ac.il (15) . Reads were aligned using Bowtie (40) , taking only uniquely aligned reads with no more than two mismatches. peaks were then called using MACS 1.4 (41) .
Microarray analysis
Processed data have been acquired from the specified resources (Supplementary Table S2 ). Unprocessed data have been normalized by RMA and the differentially expressed genes were picked using the described parameters.
Analysis
In order to minimize the effect of various peak sizes on the statistical analysis, we used a resolution that enable the representation and normalization of datasets with different nature (e.g. both TFs and histone modifications ChIP-Seqs). Mouse (MM9) and human (HG19) genomes have been partitioned into non-intersecting bins of 1.5 kb long, choosing a similar scale as previously published works (42) (43) (44) . When addressing genes, all intersecting bins within 5 kb upstream to the TSS throughout the gene body were considered. When addressing promoter regions, bins intersecting the 2 kb region, centered in the TSS, were selected. Let N be the set of all genes and X be the set of genes that are being bound by factor X, the enrichment score of factor X within gene group Y was calculated as fallow:
For the binding enrichment score, FDR corrected empirical P-value was calculated based on 100 000 randomizations of gene groups with the same size as the queried one. Unless specifically mentioned otherwise, all presented factors are significantly enriched or depleted in at least one gene group (Q-value ≤ 0.05). GO annotations have been acquired using HOMER (45) . Gene groups were extracted using a dendogram cutoff height value of 1.15. A group of genes that was large enough (≥ 20) was considered as functionally annotated group if it had at least one significant (Q-value ≤ 0.05) GO term, not including chromosomal position annotations. Hierarchical clustering of genes in a heatmap was performed using Hamming distance and an average linkage. When building connectivity graphs, binding events were considered only when at least half of the datasets of the queried protein had a peak in the promoter region of a gene.
RESULTS
Data curation and validation
Our analysis is mostly based on data we collected over the years and which has been assembled in to the 'BindDB' database (http://bind-db.huji.ac.il) (15) . To test the integrity of the data, we focused on genomic maps of histone modifications and compared the patterns in human and mouse. Principal component analysis (PCA) demonstrated that the patterns in human and mouse are highly similar in both the relative orientation of the histone modifications and the variance within each individual modification (Supplementary Figure S1 ). Applying this approach, we were able to extract and remove datasets that clustered away from their group and were therefore considered as outliers (Supplementary Figure S1 ).
As previously shown (15) we were able to use these data to characterize the similarity levels between the binding patterns of the different proteins in our database. Using unsupervised clustering, we obtained several defined clusters (Figure 1 ; Supplementary Table S1). Cluster I, which mainly consists of H3K27me3 and Polycomb group (PcG) components shows a strong positive correlation with several datasets in clusters XVI (KDMs) and XVII (H3K4me3) and a distinct negative correlation with clus-ter VI (active transcription); Cluster II contains the majority of the available MBD proteins, 5hmC and 5fC; III contains some pluripotency factors, e.g. NANOG, POU5f1 (Oct4), ESRRB, KLF4 and SOX2, as well as other proteins including UTX, MBD3, HDAC1, SMAD3, ELL3 and mediator components MED1 and MED12; Cluster IV includes SALL4b, SALL2, DAX1, NAC1 and ZFP281; V consists of CNOT, REST, SETDB1, GATA4, TIP60, REX1, DMAP1, JARID1a, MACAF, ZNF143, ZNF348, ZFP322a, SMAD2 and CBX3, in addition to H2A.X and H3K14ac; Cluster VI, containing H3K36me3 and RNA-seq tracks, is associated with active transcription; VII is characterized by datasets with low correlation levels to other datasets including TP53 (VIIa, Supplementary Table S1 ), H1 and mononucleosomes (VIIb), CLIPseq data (VIIc) and a sub-cluster of heterochromatin including H3K9me3 and H4K20me3 (VIId) as well as HP1␤, ATRX, CTR9 and more; Cluster VIII includes CTCF, SA1, SA2, SMC3, RAD21 and ZC3H11a. These datasets are found to be correlated with part of clusters IX-XII, that contain promoter and enhancer associated factors as previously reported (19, 27) ; Cluster IX consists of components of Condensin-II and cohesion complexes, as well as enhancer related factors (e.g. P300, H3K27ac); Cluster X consists of MYC, MAX and other transcription factors (TFs) and chromatin remodelers; Cluster XI and cluster XII include RNA polymerase II, H3K4me2, H3K4me3 and other promoter associated factors, but cluster XI also includes datasets of the KDM proteins.
Using VISTA Enhancer Browser (46) to extract enhancer regions, we noticed, as expected, a high correlation to cluster IX in our analysis, and in particular, to the datasets of P300, H3K56ac, H3K4me1 and H3K27ac. The 'Enhancers' track was also found to be highly correlated with GATA4 (cluster V), which reassuringly, was also found to be highly correlated to these regions and is known to bind enhancer regions (47, 48) , although this was not specifically shown in ESCs. As previously suggested (15), these results expand the epigenetic enhancer signature and suggest that H3K56ac acts as a new enhancer mark in ESCs.
Chromatin context predicts function
We next tested whether we could use the chromatin signature our databases provides us with, to classify functional groups of genes according to their chromatin signature alone. To this end, we performed hierarchical clustering of all known genes with the chromatin-signature database that we have established ( Figure 2A ). Using this method, we were able to identify known gene families, which share a common epigenetic signature. Among these families are the group of Bivalent genes, characterized by the presence of the conflicting histone modifications H3K4me3 and H3K27me3 accompanied by polycomb group (PcG) proteins (49); Olfactory receptors enriched group, characterized by a lack of any distinct chromatin signature; Hox genes cluster, enriched with genes from the HoxA, HoxB and HoxC families; and a group of most of the canonical histone genes. In addition, we found that 84 out of the 211 formed groups are significantly associated with several GO terms ( Figure 2B , Supplementary Tables S3 and S4), demonstrating that chromatin signature alone provides a means to classify gene families into functional groups. Thus, this approach allowed us not only to identify existing gene families with shared epigenetic landscape but also to identify potentially new ones (Supplementary Table S5 ).
Transcriptional regulators of histone genes
Next, we turned to analyze specific gene families. To ensure that we can recapitulate previous analyses (14), we first focused on the group of histone genes. Reassuringly, we found enrichment of previously reported associated factors, including SMAD1, SMAD2, P300, MED1, MED12, E2F1 and E2F4 (14) , but since we are now using a considerably larger database, significance values differed slightly, and we also identified several novel associated factors, i.e. TP53, GCN5, AFF4 and CAPH2 (Supplementary Figure S2A) . We were also able to dissect the data and show that ZFX is Nucleic Acids Research, 2016, Vol. 44, No. 9 4083 enriched in H1 linker histone genes as opposed to core histone genes (14) , as well as REST and KAT5 (Supplementary Figure S2B) ; and that canonical replication-dependent histone genes are depleted for H3K36me3 (50) as opposed to histone variants, which are replication independent and are enriched for this modification, as expected (Supplementary Figure S2C ).
Examining the binding events in the promoter region of all histone genes, we find that replication independent histone gene variants are clustered apart from canonical histone genes (Supplementary Figure S2D) . The histone variants are clustered in three separate groups. The first (cyan), contains H1fx, which is known to be mostly expressed during early embryonic development (51), H2afy2, Hist1h2ba and Hit1h2aa. The latter two are replication dependent, and sperm-specific. Even though, unlike the second group, this group has a higher factor binding frequency, which in turn might suggest that tissue specific genes are actually active in ESCs, they also contain the repressive polycomb associated H3K27me3 histone modification. The second group (green) contains H1fnt and H1foo, which are testis-specific and oocyte-specific (52), and are not expressed in ESCs. This group presents a very sparse binding pattern. H2afy3, H2afb1 and H2bfm are clustered inside that group and also have only a few factors binding at their promoters. These genes also show a germ-cell specific expression (53) . The third group (pink) contains all the rest of the histone variants, and presents a rich binding repertoire, including expression associated factors such as RNAPII.
Epigenetic signature can separate ribosomal genes into functional groups
To further emphasize the insights that can be inferred from our comprehensive approach, we next turned to analyze a well-known gene family, the ribosomal genes, which is believed to have tightly controlled expression regulation, but which has not been studied in great detail at the transcriptional level. Inspecting the factors that are enriched or depleted in these genes, we found evidence for both significant enrichment and significant depletion for dozens of factors ( Figure 3A and B) , of which the histone acetyltransferase GCN5 was the most highly enriched, and polycomb group (PcG) components were the most significantly depleted, as might be expected from a highly active group of genes, that contains many known housekeeping genes (54) .
Genes encoding ribosomal components can be classified into genes encoding components of cytosolic ribosomes and genes encoding for mitochondrial ribosome components. Both of these subgroups show an overall active histone modification pattern but analyzing their chromatin context, we found that they differ by the presence of H3K14ac, which is enriched in cytoplasmic ribosomal genes but depleted in mitochondrial ribosomal genes ( Figure 3A ) (55) .
Analyzing the TF binding patterns of the two cytoplasmic and mitochondrial subgroups separately, we observed a distinct difference at the enrichment levels of the groups. Several proteins, such as AFF4, CTR9, CBX3, UTX, KLF4, SMAD2, ELL2, TP53S18, NR5A2, KAT5, SETDB are significantly enriched in cytoplasmic ribosomal genes, while MECP2, MBD1a, MAFK, coREST and TCF3 are significantly depleted in the cytoplasmic ribosomal group, but not in the mitochondrial group ( Figure 3B ).
These differential binding patterns enable to classify ribosomal genes to either cytosolic or mitochondrial solely based on their chromatin signature ( Figure 3C , P < 10 −5 , Permutation test). Significantly, these functional groups could not be separated based on their transcriptional level. Interestingly, we could not further partition the set of ribosomal genes into groups of genes encoding for the small or large ribosomal subunits, based on their chromatin signature ( Figure 3D ), suggesting that they are not differentially regulated, as would be expected from components of the same cellular functional structure.
Incorporating systematic gene perturbation datasets
So far, our analysis provided a comprehensive, yet descriptive, chromatin context of genes and gene families. Next, in order to investigate potential functional relevance of our bioinformatic analysis, we additionally collected 290 different knockdown/knockout/over-expression (KD/KO/OE) experiments (Supplementary Table S2 ), all of which were followed by expression analyses in mouse ESCs. These experiments allow testing the outcome of altering the expression of the identified bound transcription factors, and enable us to classify transcription factors that not only bind, but also modulate the expression (either directly or indirectly) of a certain gene group. Thus, combining all datasets, we could now not only identify factors that bind any particular gene or gene group, but which also regulate the expression of these bound genes. Testing this on the ribosomal bound factors, we found that out of 290 assays, 91 of the factors which altered expression had an effect on some of the ribosomal genes ( Figure 4A ). Five of these (TCL1 KD, CDC5l KD, OGT KD, MSC OE, NR5A2 OE), resulted in a statistically significant effect in at least one of the ribosomal subgroups ( Figure 4B ). Although the binding maps for three out of the five factors are not available in ESCs, maps for OGT and NR5A2 are available, and the results for NR5A2 are consistent with its binding patterns, which is significantly depleted inside mitochondrial ribosomal genes and significantly enriched in cytosolic ribosomal genes (Figure 3) . Taken together, these results identify the factors that bind ribosomal gene promoters, demonstrate that the chromatin environment completely separates cytosolic from mitochondrial ribosomal genes, and uncover at least one novel regulator, NR5A2, of ribosomal gene expression in mouse ESCs.
Finally, we made use of our comprehensive database to inspect network connectivity. Examining the general properties of our network, we saw that the number of genes that a particular factor potentially regulates (#out-degree) is not corrolated with the number of factors that bind to that factor's gene location (#in-degree). We also noticed that the variation in the number of in-degrees (STD = 26.4), is much higher than the variation in the number of out-degrees (STD = 12.9). We continued by testing several methyl CpG binding proteins including MBD1, MBD2, MBD3, MBD4 and MECP2. Interestingly, MBD3, which was previously reported to play a role in reprograming and pluripotency, although with somewhat conflicting conclu- sions (56, 57) , seems to have a distinct connectivity pattern ( Figure 5 ). MBD3 promoter is directly bound by the major pluripotency factors including POU5F1 (Oct4), NANOG, SOX2, KLF4 and ESRRB. This feature is true for merely 66 gene promoters (out of 25 314, P < 10 −100 , z-test) and is unique to MBD3 among all other MBD proteins (Supplementary Table S6 ). Additionally, it is the only MBD protein that displays a regulatory network that is smaller than the extent of its own network regulation, as revealed by the network parameters (i.e. in-degree > out-degree) ( Figure 5 ). This might suggest a more restricted manner of regulation by MBD3 on this circuitry. MBD2, which has also been associated with pluripotency (58) , is the second in line after MBD3 in terms of the number of pluripotency factors that are bound to it and potentially regulate it. The three remaining MBDs: MBD1, MBD4 and MECP2, are bound by a lower number of pluripotency factors. Based on these observations, we propose that our platform can serve as an easy and almost trivial pipeline to extract members of a certain functional circuitry.
DISCUSSION
We assembled a comprehensive epigenetic database of mouse and human ESCs and generated discovery pipelines for epigenetic signatures, feature identification, gene families, novel transcriptional regulators and network connectivity. Our observation that the genomic distribution of the data is very similar in both mouse and human, essentially recapitulating a similar picture using different assays and platforms, demonstrates the robustness of our approach. Additionally, we've shown the importance of using comparative methodologies in order to determine that a dataset is correlated to other biological repeats and to exclude datasets with some irregularities. These, or similar such approaches should, and probably will, become a golden standard in ChIP-seq quality control validations.
One unbiased way to analyze such a large database is using correlation heatmaps of all datasets combined. Using this approach we were able to easily trace many known biological mechanisms, and often provide testable predictions for factors that may act in a certain pathway. For example, condensin-II components were clustered alongside with many promoter related factors (19) ; the polycomb cluster displayed a very low correlation with the active expression cluster (H3K36me3 and RNA-seq tracks) but a high correlation with several promoter associated factors such as H3K4me3, consistent with the presence of bivalent marks (H3K4me3/H3K27me3) in ESCs (49); TP53 signal is highly correlated with ZNF143, which is known to be involved in DNA-damage repair (59) , and SMAD2 and CBX3 (Cluster V) are highly correlated with the high-expression associated cluster (VI), consistent with reports that CBX3 binds to highly expressed gene regions in ESCs (60) and with studies in human keratinocytes, showing that SMAD2 binds at genes that are induced by the TGF␤ signaling pathway (61) .
Yet, due to the non-homogeneous nature of the different datasets, originating from diverse ChIP protocols, variable sequencing coverage and the variety of algorithms used to detect enriched regions, some of the duplicates have been clustered apart from one another (e.g. cluster IV which includes some identical features as cluster III, but which is generally characterized by tracks with a lower number of significantly enriched regions). This observation demonstrates the difficulties of analyzing data based on a low number of biological repeats, and stresses the need to further integrate more duplicate experiments and to develop additional computational strategies. Furthermore, some of the analyzed datasets that we have examined had no other available biological repeat and we could not estimate the amount of noise and reproducibility of the data. Whereas some strategies try to partially deal with this obstacle by homogeneously processing the different datasets, we note that, in many cases, this might overlook some of the experimental individual conditions or omit an important fine-tuning effort made by the experiment conductors. Each of these complementary analysis pipelines bare its own pros and cons. Yet, due to this effect, the conclusions made based on these datasets might be partial, and more data should be obtained before reliably sound conclusions can be drawn. Regardless, this is one of the most comprehensive analysis yet attempted in assembled ESC datasets.
In many recent studies, researchers have tried to characterize unique families of genomic regions such as enhancers (46, 62, 63) , functional non-coding regions (18, 64, 65) , different types of topological domains (66) and others. Our methodology is perfectly suitable to assist in characterizing such regions and distinguish between different classes. For example, the classification of H3K56ac in the enhancer associated cluster, alongside with the high correlation of this track to the VISTA enhancers locations, strongly suggests that acetylation of H3K56 plays a significant role in enhancer function either generally or specifically in ESCs, and provides a novel criterion for enhancer discovery. Moreover, the presence of several factors in the enhancer cluster that show a low correlation with the VISTA enhancers may originate from the existence of several different subclasses of enhancers. Studies in cardiomyocytes, for example, have shown that GATA4 binds tissue specific enhancers (67) . This may explain the association of GATA4 with the VISTA database, but not its presence in the enhancer associated cluster, and may stem from a the fact that our analysis was restricted only to ESCs while the enhancers extracted from the VISTA browser were not. Similarly, the clustering of HDAC2 within the enhancer cluster, while not showing a high correlation to the VISTA enhancers set, might originate from the association of the NuRD complex with enhancers in ESCs (68) .
Additional novel insights can be extracted using our approach. For example, the genome-wide binding map of the ZC3H11a protein, which is poorly characterized with an unclear function, is highly correlated with components of the Cohesin complex. This observation suggests that ZC3H11a either plays a role in expression regulation through its interactions with promoters/enhancers, or that ZC3H11a directly interacts with some members of the Cohesin complex. Such hypotheses, which can be easily extracted using our biocomputational pipeline, can then be tested in follow-up studies.
Analyzing the set of Histone genes, a well-defined gene family, we were able to validate our previous report (14) , but since we used here a considerably larger database we were able to discover additional potential regulators and refine the epigenetic signature of histone gene promoters. Our analysis further showed that when classifying all histone genes according to their chromatin features in an unsupervised manner, most canonical histones form a distinct group (group #172 in mouse; group #100 in human, Supplementary Table S5 ). Analyzing the epigenetic signature also enabled us to distinguish between canonical histones and histone variants, between active histones and tissue specific inactive histone genes, and finally, to reveal novel, previously uncharacterized, potential tissue-specific histone gene regulators in ESCs.
Since the histone gene family was previously analyzed (14), we wished to further test our discovery platform more rigorously on another gene family. We focused on ribosomal genes as a specific gene family case study since very little is known on its transcriptional regulation or epigenetic state, and since its protein products reside outside our convenient zone, the nucleus. Using our computational approach we were able to label many factors as novel potential regulators of ribosomal genes, awaiting further validation. Additionally, and somewhat unexpectedly, we were able to assign a distinct set of chromatin features that distinguish between mitochondrial-ribosomal genes and cytosolic-ribosomal genes. The two gene groups are separated by a different binding pattern, contributed mostly by the relative enrichment of SMAD2, AFF4, CBX2, ELL2, CTR9, DMAP1, CAPH2 and WDR5 proteins in the cytosolic genes. While the histone modification pattern of both ribosomal subgroups is highly similar, a significant difference has been recorded for H3K14ac, which is selectively enriched in the cytosolic ribosomal group, but not in the mitochondrial ribosomal gene group. Although this difference could be partially explained by a globally higher expression levels of the cytosolic ribosomes, the peak distribution of the major expression-correlated histone modifications (H3K4me3, H3K9ac, H3K36me3 and others) did not present a significant change between the two groups, and H3K14ac itself was shown to be selectively enriched on a subset of inactive inducible promoters in mouse ESCs (55) . While some of the predictions await further experimental validation, these results strongly suggest that our platform can generate novel insights and testable hypotheses, and can assign unique epigenetic signature to defined, or even novel, gene groups.
Despite the fact that NR5A2 was found to regulate only a limited number of ribosomal genes, our findings suggest that NR5A2 is a novel exclusive regulator of cytosolic ribosomal genes, but not mitochondrial ribosomal genes. By intersecting our binding maps with expression data of systematic knockdown and over-expression experiments, we were able to validate and considerably increase the reliability of our results. Our novel insights regarding the impact of NR5A2 on ribosomal gene expression may help shed new light on its role in pluripotent stem cells (69, 70) . Thus, the combination of multiple layers of data offers a complementary approach enabling us to refine our results and make our platform a strong discovery tool.
Finally, our analysis of the regulatory network of the pluripotency factors around the MBD proteins, using interaction networks, supports a role for MBD3 in stemness/pluripotency, although it does not reveal the nature of its function whether promoting or inhibiting pluripotency / reprogramming (56, 57) . Regardless, similar types of analyses can reveal additional potential factors controlling pluripotency, differentiation and reprogramming.
Towards a global epigenetic signature in ESCs, we have shown here a systematic way of characterizing groups of genes and identifying new commonly regulated groups. Our approach harnesses the power embedded in the union of hundreds of separately and independently performed highthroughput experiments, and enables an integrative view of all of them combined. Furthermore, the incorporation of expression-modulation assays provides us with a complementary means to extract our findings and makes it possible to produce a wider, more accurate prediction than ever before.
The available data we have so far acquired provides us with the means to inspect different angles regarding chromatin states in ESCs. Questions such as 'which factors regulate gene family X?' or 'which are the common regulators of gene group Y?' can now be more easily answered using this approach. We predict that this and similar such pipelines will be further developed and used, and will serve as discovery and inquiry platforms, allowing the scientific community to consider the entire available picture.
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